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Temporal change in rainfall erosivity varies due to the rainfall characteristic (amount, intensity, fre-
quency, duration), which affects the conservation of soil and water. This study illustrates the variation of
rainfall erosivity due to changing rainfall in the past and the future. The projected rainfall is generated by
SDSM (Statistical DownScaling Model) after calibration and validation using two GCMs (general circu-
lation model) data of HadCM3 (A2 and B2 scenario) and CGCM3 (A1B and A2 scenario). The selected
study area is mainly a cultivable area with an agricultural based economy. This economy depends on
rainfall and is located in a part of the Narmada river basin in central India. Nine rainfall locations are
selected that are distributed throughout the study area and surrounding. The results indicate gradually
increasing projected rainfall while the past rainfall has shown a declined pattern by Mann–Kendall test
with statistical 95% conﬁdence level. Rainfall erosivity has increased due to the projected increase in the
future rainfall (2080 s) in comparison to the past. Rainfall erosivity varies from 32.91% to 24.12% in the
2020s, 18.82 to 75.48% in 2050 s and 20.95–202.40% in 2080s. The outputs of this paper can be helpful
for the decision makers to manage the soil water conservation in this study area.
& 2016 International Research and Training Center on Erosion and Sedimentation and China Water and
Power Press. Production and Hosting by Elsevier B.V. This is an open access article under the CC BY-NC-
ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Rainfall kinetic energy or rainfall erosivity (R factor) is an im-
portant parameter of soil erosion by water, which is directly related
to climatic parameter of rainfall (Lobo, Frankenberger, Flanagan, &
Bonilla, 2015; Rosewell, 1986). Rainfall erosivity has a capability to
detach soil particles by rainfall (van Dijk, Bruijnzeel, & Rosewell,
2002). This relationship was proposed by Govers (1991); Hudson
(1961) and was used in Revised Universal Soil Loss Equation (RUSLE)
model to estimate soil erosion (Renard, Foster, Weesies, McCool &
Yoder, 1997). Rainfall and erosivity are not a linear relation to soil
erosion, which mainly depends on the size of raindrops, intensity
and duration of effective rain (Salles, Poesen, & Sempere-Torres,
2002). Erosivity may increase after high rainfall intensities to create
saturation and ponding, which will increase the detachment capa-
city of the soil (Salles, Poesen, & Sempere-Torres, 2002). Nature of
rainfall depends on the variation of intensity, amount, duration,
frequency of rain which may occur due to climate change impact.
Panagos et al. (2015), have used the R factor of RUSLE to ass ess theg Center on Erosion and Sedimenta
nse (http://creativecommons.org/l
),
il.com (S. Kundu).
esearch and Training Center
Power Press.rainfall erosivity of Europe. Nearing et al. (2005) also indicated a
change in the runoff and soil erosion due to changed precipitation.
Rainfall erosivity is an important factor as rainfall or precipitation is
considered as the main driving force of soil erosion and has direct
inﬂuence on the soil particle detachment and transport of the ero-
ded particles by runoff (Wischmeier & Smith, 1978).
Various parameters of climatic variables are used to detect the
trend analysis using past historical climatic data by various sta-
tistical methods (Kumar & Jain, 2010; Kumar, Jain, & Singh, 2010;
Kundu, Khare, Mondal, & Mishra, 2014; Kundu, Khare, Mondal, &
Mishra, 2015; Mondal, Khare, & Kundu, 2015; Pal & Al-Tabbaa,
2010; Sonali & Kumar, 2013; Subash, Singh, & Priya, 2013; Tabari,
Talaee, Ezani, & Some’e, 2012; Wang et al., 2013; Yue & Hashino,
2003;). Different types of GCM (General Circulation Model) data
are used for predicting the future rainfall and temperature (Ana-
ndhi, Srinivas, Nanjundiah, & Nagesh Kumar, 2008; Chen, Xu, &
Guo, 2012; Chu, Xia, Xu, & Singh, 2010; Hassan, Shamsudin, &
Harun, 2014; Mondal et al., 2014; Raje & Mujumdar, 2011; Yang, Li,
Wang, Xu, & Yu, 2012). GCM data are not used directly in the hy-
drological model at local level study due to coarse resolution of the
data. Different types of methods are used to downscale into local
level using coarse resolution GCM data (Carter & Kenkyū, 1994).
For climate downscaling study, different established methods are,
Artiﬁcial Neural Networks (ANN), Multiple Linear Regression
(MLR), Support Vector Machine (SVM) (Duhan & Pandey, 2015;tion and China Water and Power Press. Production and Hosting by Elsevier B.V. This
icenses/by-nc-nd/4.0/).
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cipitation and temperature estimation studies have been carried
out by researchers using GCMs data with the help of various
methods in India (Rupa Anandhi et al., 2008; Goyal & Ojha, 2012;
Kumar et al., 2006; Meenu, Rehana, & Mujumdar, 2013; Mondal
et al., 2014; Vigaud, Vrac, & Caballero, 2013).
Climate change effects can change the rainfall pattern (amount,
intensity, frequency, duration) of a study area. Rainfall erosivity
can increase due to increased rainfall which may increase the
power to detach and carry soil particles. Yang, Kanae, Oki, Koike,
and Musiake (2003) has studied the change in soil erosion due to
future climate change (2090) for the entire globe and the result
has shown an increase of around 9%. A related study of only
rainfall erosivity has been done by various researchers in different
parts of the world (García-Ruiz et al., 2015; Haregeweyn et al.,
2013; Teng et al., 2016; Wen, Zheng, Shen, Bian, & Jiang, 2015;
Zhao, Mu, Wen, Wang, & Gao, 2013). Rainfall erosivity is con-
sidered as an input parameter of soil erosion in Indian condition
by many researchers (Biswas & Pani 2015; Dabral, Baithuri, &
Pandey, 2008; Dutta, Das, Kundu, & Taj, 2015; Jain, Kumar, &
Varghese, 2001; Khare, Mondal, Kundu, & Mishra, 2016; Mondal
et al., 2014; Mondal et al., 2014; Mondal et al., 2016; Mondal,Fig. 1. Study area (Location points of 9 sKhare, and Kundu, 2016a; Mondel et al., 2016b; Narayana & Babu
1983; Pal, 2016; Pandey, Mathur, Mishra, & Mal, 2009; Patel &
Kathwas, 2012; Prasannakumar, Vijith, Abinod, & Geetha, 2012;
Raymo & Ruddiman, 1992).
Climate change can change the rainfall erosivity due to altera-
tion of rainfall. In the future, variation of rainfall erosivity has been
calculated from changing rainfall, which is computed from GCM
data. The study of change in rainfall erosivity due to climate effects
is lacking. Recently few studies have been carried out in different
parts of the world. But in the Indian context, this type of study will
be an important work in the future.
The major objective of the study is the assessment of potential
changes of rainfall erosivity due to change in rainfall because of
the effects of climate change in the past and the future. Future
estimation of rainfall has been carried out by the SDSM (Statistical
DownScaling Model) method using HadCM3 (A2 and B2 scenario)
and CGCM3 (A1B and A2 scenario) GCMs data. The change in the
rainfall erosivity in the future has been generated and compared
using predicted rainfall from different GCM scenarios. In India, this
type of study is a challenging work which will be helpful for the
particular study area for soil conservation, dam design and con-
struction, agricultural management, etc.tations with NCEP and GCM grids).
A. Mondal et al. / International Soil and Water Conservation Research 4 (2016) 186–1941882. Study area
The study area is a part of the Narmada river basin, covering
Burhanpur, Sehore, Barwani, Harda, Dewas, Indore, Khandwa and
Khargone districts of Madhya Pradesh state in India. It is geo-
graphically located between 21°23′51″ to 22°54′55″ N and 75°21′
41″ to 77°20′53″ E and the area is characterized by the subtropical
type of climate. This climate experiences hot and dry summer with
cool winter. During the monsoon season (June to September),
maximum rainfall (above 90% of annual) occurs in this region
where the average annual rainfall is 1370 mm and the distribution
of rainfall declines from east to west. The higher elevation is ob-
served in the northern and southern margins while lower eleva-
tion is observed in the middle part of the study area. The elevation
varies from 108 m to 982 m (Fig. 1). It is an agricultural based
economic zone where the main source of income comes from the
crop production. The agricultural production is mainly dependent
on the rainfall and a few areas are recently accessing the available
ground water and canal water.3. Data used and methodology
The GCM and NCEP (National Center for Environmental Predic-
tion) data have been used for the prediction of the future rainfall.
Daily variables of HADCM3 (Hadley GCM 3) and CGCM3 (Canadian
Center for Global Climate Model) model data are considered as a
popular GCM data and have been applied by many researchers
(Anandhi et al., 2008; Collins, Tett, & Cooper, 2001; Hassan et al.,
2014; Singh, Jain, & Gupta, 2015). Both the HADCM3 and NCEP data
are for the given study area are obtained from the http://www.cics.
uvic.ca/scenarios/sdsm/select.cgi. The CGCM3 data are taken from
the http://www.cccma.ec.gc.ca/data/cgcm3/cgcm3_t47_sresa2.shtml.
The grid size of HADCM3 and CGCM3 data are different, which are
2.5° latitude3.75° longitude and 2.5° latitude2.5° longitude re-
spectively. The NCEP data are 2.5° latitude 2.5° longitude. The data
lengths of HADCM3, CGCM3 and NCEP are 1961–2099, 1961–2100
and 1961–2001 respectively. Observed rainfall data from 1961 to
2001 is obtained from the Indian Meteorological Department (IMD).
A2 and B2 scenario of HADCM3 and A1B and A2 scenarios of CGCM3
data have been used here, which have been used by many re-
searchers (Anandhi et al., 2008; Kannan & Ghosh, 2011; Meenu et al.,
2013; Raje & Mujumdar, 2011; Singh et al., 2015) in Indian condition.
Information on basic statistics and locations of the observed rainfall
data are given in the Table 1.
3.1. Statistical DownScaling Model
The Statistical DownScaling Model (SDSM) is developed on the
basis of decision support tool on technique of multiple linear re-
gression. It has been developed by Wilby, Dawson, and BarrowTable 1
Locations and descriptive statistics of the rainfall data (mm).
Sl no. Station name Lat (N) Long (E) Alt (m) Dur
1 Barwani 21.49 75.20 463 196
2 Dhar 22.62 75.36 539 196
3 Indore 22.91 75.78 520 196
4 Sehore 23.19 77.04 512 196
5 Harda 22.40 77.15 315 196
6 Betul 21.74 77.64 663 196
7 Dewas 22.65 76.84 329 196
8 Khandwa 22.07 76.62 239 196
9 Khargone 21.84 75.71 236 196
SD¼standard deviation, CS¼coefﬁcients of skewness, CK¼coefﬁcients of kurtosis, CV¼(2002), which incorporates weather generator and multiple linear
regression. It involves ﬁve steps to downscale (i) screening of
predictor variables are done at the beginning; (ii) then calibration
of the SDSM model; (iii) synthesis of the observed data; (iv) future
data generation from the predictors taken from GCM (v) diagnostic
testing and statistical analyses of the climate change scenario.
For downscaling of the predictand (observed data or rainfall),
selection of suitable variables or predictors is one of the important
process as it decides the character of the generated predictands.
Wilby et al. (2002) describes that the selection of predictors in
SDSM is the iterative process and is based partially on the judg-
ment of the user. The predictors are selected on the basis of the
analysis of scatter plots, correlation and partial correlation be-
tween the predictors and predictands. Daily observed data of NCEP
from 1961 to 2001 has been used for the selection of predictors.
Aﬁﬁ and Clark (1996) has given partial correlation as,
=
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The p-value is estimated by transferring the correlation R for
establishing t-statistics with n-2° of freedom. This is used for the
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The t-test is used for the calculation of p-value, for analysis of
the observed and simulated data. Higher partial correlation shows
good strength of association between the predictor and the pre-
dictand and low p-value shows that the chance of occurrence of
such association will be less. The strength of association of pre-
dictors differs from month to month. P-value of less than 0.05 is
taken as less signiﬁcant practically. When the correlation is high
and p-value is lower, scatter plots are used for determining the
existence of any outliers or to decide whether it is useful in
downscaling.
3.2. Model calibration
Downscaling includes model calibration on the basis of multi-
ple linear regression, between the predictors and the predictand.
The calibration operation obtains a user-speciﬁed predictand with
the set of predictor variables and calculate multiple linear re-
gression equations (Wilby et al., 2002). Stepwise regression pro-
cess is followed in downscaling rainfall where the least signiﬁcant
predictors are eliminated during the analysis process. In case ofation of data Mean SD CS CK CV
101 2.09 6.79 7.13 82.97 324.88
101 2.43 8.74 8.16 99.33 359.67
101 2.48 9.20 8.43 110.24 370.97
101 2.98 9.64 6.79 68.14 323.49
101 2.95 10.64 8.04 99.43 360.68
101 2.71 7.81 6.70 83.68 288.19
101 2.57 9.11 7.38 78.02 354.47
101 2.49 8.00 6.68 67.49 321.29
101 2.24 7.32 7.27 80.45 326.79
coefﬁcient of variation
))
)
Fig. 2. Methodology (Flow chart showing the processes followed in this study).
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tween the predictor and the predictand, while the conditional
process is dependent on intermediate variable. The model per-
formance is evaluated by the RMSE, NMSE, NASH and Coefﬁcient
of correlation. The performance of the calibrated and validated
SDSM model is assessed by four indexes of performance such as,
Root mean square error (RMSE), Normalized Mean Square error
(NMSE), Nash-Sutcliffe coefﬁcient (NASH) and correlation coefﬁ-
cient (CC) (Duhan & Pandey, 2015; Nash & Sutcliffe, 1970).
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Here, yi and
∧
yi represent the dependent and independentpredictands time series respectively. N denotes the number of
variables. A small value of the RMSE and NMSE indicates less
discrepancy within the observed and simulated series, thus pro-
vides better accuracy in prediction, whereas NASH and CC with
higher values indicate better accuracy.
3.3. 3.3. Generation of scenario in future
The scenario generation for the basin area of 9 stations involves
simulated data of HadCM3 of A2 scenario. The calibration and
validation process shows that the predictor-predictand relation-
ship remains valid in the future climate scenario. Twenty en-
sembles of the synthetic data have been produced for 139 years
(1961–2099), which are divided in decades of 10 years and also in
three decades time period after each 30 years such as the 2020s
(2011–2040), 2050s (2041–2070) and 2080s (2071–2099).
3.4. Rainfall erosivity factor (R)
Due to lack of hourly intensity data, annual and monthly
rainfall data have been utilized for computing the R-factor using
the equation developed by Wischmeier and Smith (1978) and later
modiﬁed by Arnoldus, Boodt, and Gabriels (1980). Many other
researchers such as Renard et al. (1997) and Yu (1998) have also
used similar methods.
∑= ×
( )=
( ( )− )R 1.735 10
7i
P P
1
12
1.5log / 0.08188i10
2
where, R¼the rainfall erosivity factor (MJ mm ha1 h1 year1)
Pi¼the monthly rainfall (mm), and
P¼the annual rainfall (mm)
The concerned river basin, which is a part of the Narmada river
basin, shows the spatial distribution of the rainfall erosivity of the
area. The erosivity is observed to be high in the north of the basin
(highest is 1529 MJ mm ha1 h1 year1) that gradually decreases
and minimum erosivity is observed in the southwest part of the
basin area (996 MJ mm ha1 h1 year1). Rainfall erosivity has
been calculated using various rainfall scenarios of the past and the
future. Finally, a change in the rainfall erosivity is shown spatially
in respect to the past rainfall. The entire methodology is illustrated
in the Fig. 2.4. Result and discussion
4.1. Predictors selection of Statistical DownScaling Model
The selected predictor variables (NCEP and GCM) of the 9 sta-
tions of the basin area are given in the Table 2. The predictor
variables of the NCEP and GCM are selected initially from the total
of 26 predictor variables. These are categorized on the basis of the
atmospheric pressure level. The predictors are selected on the
basis of the partial correlation and correlation of the NCEP vari-
ables, and the observed weather variables from 1961 to 2001. The
selected predictors with higher correlation between the NCEP
predictors and predictand (rainfall) are used in the future projec-
tion. Partial correlation values are given in the Table 2. The 95%
(po0.05) conﬁdence level has been used for testing the correla-
tion between the predictor and predictand.
4.2. Calibration and validation of downscaling models
In the generation of the SDSM model, 70% of the data has been
used for calibration and the 30% of the data has been applied for
the validation purpose. Future rainfall is generated by the data of
Table 2
Predictors used in the rainfall downscaling for 9 stations in SDSM.
Sl No. Atmospheric pressure level NCEP Variables Name Unit HadCM3 CGCM3
A2 B2 A1B A2
A. 1013.25 hPa (1) MSL pressure mslp Pa Y Y Y Y
B. 1000 hPa (6) Zonal (Eastward) velocity (U-component) p_u m/s Y Y Y Y
C 850 hPa (8) Wind direction p8_th degree Y Y
Geopotential height p850 m Y Y Y Y
Relative humidity r850 % Y Y Y Y
D 500 hPa (8) Zonal (Eastward) velocity (U-component) p5_u m/s Y Y Y Y
Vorticity p5_z s1 Y Y
Wind direction p5_th Y Y Y Y
Relative humidity r500 % Y Y Y Y
E Near surface (3) Speciﬁc humidity shum g/kg Y Y Y Y
Relative humidity rhum % Y Y Y Y
A. Mondal et al. / International Soil and Water Conservation Research 4 (2016) 186–194190HADCM3 and CGCM3 of A2, B2 and A1B scenarios. The nine sta-
tions of Barwani, Dhar, Indore, Sehore, Harda, Betul, Dewas,
Khandwa and Khargone have been used. Training data are con-
sidered from 1961 to 1989 and testing of data is done by using
1990–2001 to generate the model output. The selected predictors
for two different models and rainfall or predictand are used as the
input of the models.
The calibrated and validated results of rainfall of 9 stations
using HADCM3 are given in the Table 3. The calibration values of
the RMSE in the A2 scenario vary from 32.19 to 44.27 m, and va-
lidation ranges from 34.76 to 53.44 m. In the B2 scenario, the
range is from 36.12 to 50.66 in calibration and from 40.28 to
60.59 m in validation. The NMSE shows calibration from 12.02 to
20.04, and validation ranges from 13.46 to 27.23 in the A2 sce-
nario. In the B2 scenario, the calibration of the model varies from
11.08 to 24.25 and the validation varies from 12.45 to 30.28. The
NASH indicates a range of calibration from 0.73 to 0.88 and a va-
lidation from 0.71 to 0.85 in the A2 scenario. In the B2 scenario the
calibration varies from 0.73 to 0.86 and the validation varies from
0.70 to 0.84. In the A2 scenario, the CC shows calibration valuesTable 3
Model performance in A2 and A1B scenarios of HADCM3.
Sl No. Stations HADCM3 RMSE (m)
Scenario A B
1 Barwani A2 38.8 46.66
B2 36.12 40.28
2 Dhar A2 40.78 46.59
B2 40.35 46.89
3 Indore A2 44.16 52.55
B2 50.66 57.71
4 Sehore A2 44.27 53.44
B2 42.15 51.98
5 Harda A2 39.12 43.98
B2 38.75 43.16
6 Betul A2 38.8 46.66
B2 48.52 58.22
7 Dewas A2 38.96 46.64
B2 49.26 60.59
8 Khandwa A2 33.48 34.85
B2 37.95 42.55
9 Khargone A2 32.19 34.76
B2 27.77 31.65
A¼calibration; B¼validation.from 0.82 to 0.87 and values of validation from 0.77 to 0.82 and in
the B2 scenario, calibration varies from 0.80 to 0.90 and validation
from 0.75 to 0.85.
The calibration and validation results of the model of 9 stations
by CGCM3 of A2 and A1B scenarios are given in the Table 4. The
calibration values of the RMSE in the A1B scenario are from 25.81
to 48.72 m and the validation ranges from 30.23 to 53.26 m. In the
A2 scenario, calibration varies from 19.52 to 47.56 m, and valida-
tion ranges from 24.05 to 57.84 m. The NMSE shows calibration
from 11.78 to 24.78, and validation ranges from 14.98 to 25.53 in
the A1B scenario. In the A2 scenario, the calibration value varies
from 10.92 to 28.12 and the validation varies from 13.80 to 32.54.
The NASH values give a range of calibration from 0.80 to 0.87 and a
validation from 0.78 to 0.85 in the A1B scenario. In the A2 scenario
the calibration varies from 0.79 to 0.87 and the validation varies
from 0.77 to 0.84. In the A1B scenario, the CC gives the calibration
values from 0.83 to 0.89 and the validation from 0.80 to 0.87 and
in the A2 scenario, calibration varies from 0.82 to 0.89 and vali-
dation values vary from 0.80 to 0.88.NMSE NASH CC
A B A B A B
14 19.43 0.85 0.81 0.87 0.82
13.29 19.01 0.86 0.83 0.89 0.85
16.79 21.36 0.73 0.71 0.82 0.8
18.78 22.14 0.73 0.70 0.80 0.79
20.04 27.23 0.79 0.73 0.83 0.81
24.25 30.28 0.76 0.70 0.81 0.78
15.03 21.74 0.85 0.82 0.88 0.83
13.22 18.69 0.87 0.81 0.90 0.87
13.63 17.92 0.78 0.75 0.83 0.8
12.89 15.24 0.80 0.77 0.84 0.82
14 19.43 0.83 0.8 0.87 0.83
22.81 25.56 0.81 0.78 0.84 0.80
13.5 18.78 0.78 0.74 0.82 0.77
22.85 27.94 0.75 0.72 0.80 0.75
12.02 13.46 0.82 0.8 0.87 0.85
15.06 16.36 0.80 0.79 0.86 0.83
12.2 14.34 0.84 0.82 0.86 0.83
11.08 12.45 0.85 0.84 0.87 0.85
Table 4
Model performance in A1B and A2 scenarios of CGCM3.
Sl No. Stations CGCM3 RMSE (m) NMSE NASH CC
Scenario A B A B A B A B
1 Barwani A1B 30.87 40.94 16.29 21.44 0.85 0.84 0.87 0.85
A2 19.52 24.05 10.92 14.01 0.86 0.84 0.89 0.86
2 Dhar A1B 48.72 52.92 20.24 22.62 0.82 0.81 0.84 0.81
A2 38.74 42.06 21.62 27.72 0.82 0.8 0.84 0.81
3 Indore A1B 41.65 52.95 24.78 25.53 0.8 0.78 0.83 0.8
A2 47.55 57.84 28.12 32.54 0.79 0.77 0.82 0.8
4 Sehore A1B 25.81 31.46 11.78 18.62 0.87 0.85 0.89 0.87
A2 23.26 26.8 11.03 13.8 0.87 0.84 0.89 0.88
5 Harda A1B 45.69 53.26 19.2 23.91 0.81 0.8 0.85 0.82
A2 37.7 42.36 23.31 25.09 0.84 0.82 0.86 0.83
6 Betul A1B 35.88 44.77 15.09 18.11 0.85 0.83 0.88 0.84
A2 31.54 39.5 14.33 16.43 0.86 0.84 0.88 0.86
7 Dewas A1B 26.32 30.23 12.39 14.98 0.86 0.83 0.89 0.87
A2 32.58 36.6 15.97 18.9 0.85 0.84 0.87 0.86
8 Khandwa A1B 41.55 48.3 17.55 21.96 0.82 0.79 0.84 0.81
A2 28.77 33.9 12.56 16.94 0.85 0.82 0.87 0.83
9 Khargone A1B 35.21 39.61 16.04 18.9 0.84 0.81 0.87 0.84
A2 47.56 56.12 22.6 27.9 0.8 0.77 0.82 0.8
A¼calibration; B¼validation
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the model showing 30 years' decadal growth (HADCM3 and CGCM3)
The future prediction of the rainfall has been obtained from the
calibrated SDSM model for A2, B2 and A1B scenarios using
HADCM3 and CGCM3 data. Similar type of data and model has
been used by Meenu et al. (2013) and Singh et al. (2015) for Indian
condition. The simulated future rainfall of 30 year time interval
from 2011 to 2099/2100 (2011–2040, 2041–2070, 2071–2099/
2100) has been illustrated. The upper and lower edge of the box-
plot indicates 75 and 25 percentile of the dataset respectively, and
the middle line between these is the median. The difference be-
tween the 75 and 25 percentile is the Inter Quartile Range. TheTable 5
Projected rainfall of different scenarios (A2, B2, A1B and A2) of the HADCM3 and CGCM
Sl No. Stations Scenario Past HADCM3
2020 s 2050 s
1 Barwani A2 830.08 1014.66 1269.6
B2 909.81 1152.0
2 Dhar A2 764.59 823.67 945.42
B2 798.65 875.45
3 Indore A2 798.01 912.43 1135.51
B2 855.32 1044.6
4 Sehore A2 1038.29 1211.21 1518.11
B2 1180.95 1370.3
5 Harda A2 927.53 1005.67 1136.4
B2 974.45 1065.4
6 Betul A2 929.88 964.47 1175.10
B2 940.22 1095.4
7 Dewas A2 920.70 968.02 1265.6
B2 930.72 1089.11
8 Khandwa A2 782.55 938.70 1052.6
B2 820.23 971.77
9 Khargone A2 725.67 791.75 872.65
B2 741.65 835.68black squares indicate the mean of the simulated rainfall and the
straight pink line denotes the mean of the observed rainfall during
1961–2001.
There is an increase in the future predicted rainfall in all the
scenarios by HADCM3 and CGCM3 data than the past rainfall. In the
2020s, increase is projected in A2, B2 and A1B scenarios than the
past rainfall in all the 9 stations. However, the HADCM3 has pro-
jected higher rise than the CGCM3 A2 scenario. The future rainfall
generated for different scenarios is illustrated in the Table 5. The A2
scenario of the HADCM3 has shown the highest increase followed
by the A2 scenario of CGCM3, B2 and A1B respectively.
In the 2020s, highest increase in the projected rainfall is found
in the Sehore in the A2 scenario (1244.32 mm) of CGCM3 and A23.
Scenario CGCM3
2080 s 2020 s 2050 s 2080 s
6 1529.25 A1B 922.04 1112.23 1286.52
7 1344.22 A2 970.56 1210.33 1487.25
1165.81 A1B 780.58 845.62 1048.07
1056.05 A2 821.65 905.88 1142.23
1450.37 A1B 932.87 1156.23 1455.48
6 1298.54 A2 955.56 1205.38 1475.24
1653.81 A1B 1172.35 1394.45 1545.87
6 1540.15 A2 1244.32 1425.22 1590.55
5 1328.70 A1B 952.87 1030.61 1156.72
1 1180.23 A2 995.32 1140.69 1354.26
1381.86 A1B 935.28 1066.21 1255.78
5 1269.49 A2 945.35 1140.75 1370.29
4 1584.50 A1B 937.42 1073.29 1382.01
1385.53 A2 945.94 1240.35 1538.95
8 1239.98 A1B 809.33 975.64 1123.51
1132.09 A2 912.05 1045.24 1198.17
1205.45 A1B 733.08 830.79 1029.64
1078.06 A2 767.49 880.45 1186.12
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scenario (1180.95 mm) and the A1B scenario (1172.35 mm) of Se-
hore. Lowest simulated rainfall in 2020s is projected in the A1B
scenario of Khargone (733.08 mm), followed by the B2 scenario
(741.65 mm), A2 scenario of CGCM3 and A2 scenario of HADCM3
of Khargone. In the 2050s, further increase in the simulated
rainfall is observed with the highest in Sehore in the A2 scenario of
HADCM3 (1518.11 mm) and least in the A1B scenario of Khargone
(830.79 mm). The A2 scenario of CGCM3 has projected second
highest rainfall in the 2050s (1425.22 mm) followed by A1B
(1394.45 mm) and B2 (1370.36 mm) in Sehore. The lowest rainfall
scenario is A1B, followed by B2 (835.68 mm), A2 of HADCM3
(872.65 mm) and A2 of CGCM3 (880.45 mm) of Khargone. In the
2080s also, highest rainfall is observed in the A2 scenario of
HADCM3 (1653.81 mm), followed by A2 scenario of CGCM3
(1590.55 mm), A1B scenario (1545.87 mm) and B2 scenario
(1540.15 mm) in Sehore. The lowest rainfall of 2080 s is projected
in the A1B scenario of Khargone (1029.64 mm), followed by
1056.05 mm in the B2 scenario of Dhar, A2 scenario of CGCM3 of
Dhar (1142.23 mm) and A2 scenario of HADCM3 of Dhar
(1165.81 mm). Although, in a few cases increase in the A2 scenario
of CGCM3 is found to be higher than the A2 scenario of HADCM3,
or A1B projects higher amount of rainfall than the B2 scenario, the
difference is very less.
Projected increased rainfall in the future of the study area is
consistent with the studies of Rupa Kannan and Ghosh (2011) and
Kumar et al. (2006), who worked in the Mahanadi river basin of
eastern India and Raje and Mujumder (2011), worked in the
Punjab region of northwestern India. Meenu et al. (2013) also re-
ported increased future monsoon precipitation in the Tunga-
Bhadra basin of the southern India. Anandhi et al. (2008) has
shown an increase in the future precipitation in India, which is
high in the A2 scenario. This implies that in the future, pre-
cipitation will increase in these areas that may lead to ﬂooding
problem.
4.4. Rainfall trend analysis of the past and the future by the Mann-
Kendall test
The rainfall trend analysis by Mann-Kendall (MK) test of the
past and the future is illustrated in the Table 6. The observed
rainfall from 1961 to 2001 shows statistically non-signiﬁcant
(o0.05 signiﬁcance level) negative trend varying from
3.22 mm/year in Harda to 1.61 mm/year in Dhar. The future
projected rainfall shows a statistically signiﬁcant increase in all the
years. The rainfall trend magnitude of A2 scenario of HADCM3
varies from 2.98 mm/year to 7.44 mm/year, B2 varies fromTable 6
Rainfall trend by MK test of the past and the future.
Stations Observed
(1961–2001)
HADCM3 CGCM3
A2 B2 A1B A2
β Z β Z β Z β Z β Z
Dhar 1.61 0.75 2.98 6.16 4.55 7.71 3.59 7.25 4.81 4.51
Barwani 1.80 0.73 5.99 4.09 6.43 4.46 5.28 7.62 8.36 4.90
Indore 2.19 0.89 5.26 3.26 5.43 3.36 7.46 8.65 7.74 6.18
Sehore 5.06 1.52 7.44 5.02 5.73 4.06 5.54 7.02 5.54 3.66
Harda 3.12 0.93 4.52 3.97 3.56 3.48 2.86 6.08 4.07 3.19
Betul 2.28 0.75 4.60 4.54 4.98 4.83 4.55 7.82 7.43 6.52
Dewas 2.77 1.27 6.39 5.24 6.74 5.93 6.05 8.14 8.94 7.31
Khandwa 2.13 0.98 3.16 3.13 4.34 4.09 4.57 7.74 4.09 2.82
Khargone 1.66 0.86 6.33 6.36 5.36 5.39 4.07 7.96 4.81 4.65
β¼Magnitude of trend; Z¼Z statistics of MK Test (Bold values indicate 0.05 level of
signiﬁcance)3.56 mm/year to 6.74 mm/year, A1B varies from 2.86 mm/year to
7.46 mm/year, and the A2 scenario of the CGCM3 varies from
4.07 mm/year to 8.94 mm/year.
4.5. Rainfall erosivity due to climate change (past and future)
Change in the rainfall erosivity due to climate change is illu-
strated in the Tables 6,7 showing variation in different scenarios.
The past data shows variation from 1240 in Khargone to
2827 MJ mm ha1 h1 year1 in Sehore during 1961–2001. The
projected future rainfall erosivity shows variation from
965 MJ mm ha1 h1 year1 in the A2 scenario of HADCM3 in
Khargone in the 2020s to 5009 MJ mm ha1 h1 year1 in the A2
scenario of HADCM3 in Barwani in the 2080s. The rainfall in the
past period varies from 725.67 mm to 1038.29 mm. Tiwari, Rai,
Kumar, and Sharma (2015) has shown that the rainfall erosivity
range varies from 486.95 to 3101.51 mm ha1 h1 year1 in Bho-
pal station, which is located in the central part of India, very near
to the study area. The projected rainfall in the 2020 s varies from
733.08 mm in the A1B scenario to 1244.32 mm in the A2 scenario
of CGCM3. Therefore, although there is a least rainfall in the A1B
scenario, but rainfall erosivity is lowest in the A2 Scenario of
HADCM3 in the 2020 s. However, overall higher rainfall in the
future has projected higher rainfall erosivity. The projected rainfall
erosivity in the 2050s varies from 1345 in the A1B to
2906 MJ mm ha1 h1 year1 in the A2 Scenario of HADCM3,
where the projected rainfall varies from 830.79 mm in the A1B
scenario to 1518.11 mm in the A2 scenario of HADCM3. The rainfall
erosivity in the 2080 s varies from 2003 MJ mm ha1 h1 year1
in the A1B scenario to 5009 MJ mm ha1 h1 year1 in the A2
scenario of HADCM3, where the projected rainfall ranges from
1029.64 mm in the A1B scenario to 1653.81 mm in the A2 scenario
of HADCM3. Therefore, the rainfall erosivity is predominantly
projected to be more in the A2 scenario of HADCM3 and least in
the A1B scenario of CGCM3 due to projected increased rainfall in
the future, which is again highest in the A2 scenario of HADCM3
and lowest in the A1B scenario (Table 7). The percentage of change
shown in the Table 8 indicates a change in the rainfall erosivity of
the 2020s, 2050s and 2080s in respect to the past rainfall erosivity.
Change percentage of rainfall erosivity in the 2020s varies from
32.91% in A1B in Khargone to 24.12% in the A2 scenario of
HADCM3 in Harda. In 2050s, it varies from 18.82% in the A1B in
Khargone to 75.48% in the A2 scenario of HADCM3 in Barwani. In
2080s, the rainfall erosivity varies from 20.95% in the A1B in Betul
to 202.40% in A2 scenario of HADCM3 in Barwani. Therefore,
higher changes in the rainfall erosivity of Barwani and Harda and
lowest in Khargone are observed.5. Conclusion
This study illustrates potential changes in the future rainfall
erosivity due to climate change in a part of the Narmada river
basin in the central India during 1961–2099/2100 period. The re-
sults of predicted rainfall have conﬁrmed that it will gradually
increase in 2020s, 2050s and 2080s. In the future, projected
rainfall of all stations have shown an increasing trend with sta-
tistically 0.05% signiﬁcance level, while past rainfall has shown a
decreasing trend with statistically less than 0.05% signiﬁcance le-
vel using all the GCMs scenarios. The maximum increase in the
projected rainfall is observed in the A2 scenario of HadCM3 while
minimum is projected in the A1B scenario of CGCM3. Projected
rainfall erosivity has shown an increase in 2080 s and the range
varies from 20.95% (A1B scenario of CGCM3) to 202.40% (A2 sce-
nario HadCM3). In 2020 s and 2050s, change in rainfall erosivity of
nine stations varies from 32.91% to 24.12% and 18.82 to 75.48%
Table 7
Rainfall erosivity in different scenarios due to climate change (MJ mm ha1 h1 year1).
Stations Past 2020s 2050s 2080s
A2 B2 A1B A2 A2 B2 A1B A2 A2 B2 A1B A2
Dhar 1656 1503 1338 1167 1449 1840 1583 1474 1804 3001 2256 2088 2911
Barwani 1951 2331 1741 1729 1852 2906 2456 2047 2648 5009 3961 3509 4735
Indore 1638 1352 1284 1241 1441 1719 1565 1536 1732 2345 2311 2247 2405
Sehore 2827 2395 1390 1354 1461 2258 2229 2117 2221 2573 2420 2204 2444
Harda 2066 2564 1529 1500 2024 2284 1852 1843 2132 2993 2136 2121 3079
Betul 1973 1663 1344 1458 1354 1668 1602 1495 1613 2402 2265 2003 2215
Dewas 2171 1785 1365 1478 1315 1763 1718 1531 1711 4575 3898 2750 4450
Khandwa 1479 1613 1607 1544 1731 1925 1860 1775 1904 3018 2417 2279 2735
Khargone 1240 965 1185 1111 1231 1483 1461 1345 1503 3488 3081 2668 3405
Table 8
Rainfall erosivity in different scenarios due to climate change (in %).
Stations 2020s 2050s 2080s
A2 B2 A1B A2 A2 B2 A1B A2 A2 B2 A1B A2
Dhar 9.28 19.20 29.55 12.51 11.11 4.40 11.03 8.94 81.17 36.20 26.07 75.76
Barwane 19.48 5.15 4.38 11.81 75.48 48.27 23.57 59.89 202.40 139.17 111.84 185.91
Indore 17.47 22.46 25.08 13.00 3.80 5.51 7.28 4.56 41.61 39.53 35.69 45.20
Sehore 15.28 16.06 18.27 11.77 36.33 34.58 27.81 34.09 55.35 46.10 33.06 47.56
Harda 24.12 7.67 9.44 22.18 37.89 11.82 11.25 28.71 80.68 28.97 28.09 85.91
Betul 15.75 18.85 11.99 18.24 0.73 3.29 9.71 2.62 45.01 36.74 20.95 33.76
Dewas 17.81 17.59 10.77 20.58 6.46 3.72 7.59 3.28 176.24 135.38 66.04 168.67
Khandwa 9.09 2.95 6.76 4.49 16.25 12.30 7.17 14.97 82.21 45.94 37.61 65.14
Khargone 22.23 28.43 32.91 25.68 10.45 11.81 18.82 9.28 110.59 86.03 61.06 105.60
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is very sensitive to changes in rainfall. In this study, relation of
rainfall and rainfall erosivity is not observed as a linear pattern as
mentioned by Salles, Poesen, and Sempere-Torres (2002) earlier.
The 30 min interval rainfall data is not available for this study area,
which is a limitation of this study. This study can be used to es-
timate the potential soil erosion due to rainfall change in the past
and the future of the given area and will be helpful in obtaining
the effective best management practice (BMP) for reducing soil
erosion and nutrient loss of the vulnerable erosion zones. This
method can also be applied in other regions of the world.Acknowledgment
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